Abstract. Soil collapsibility is one of the important phenomena in unsaturated soil mechanics. This phenomenon can impose extensive nancial damages on civil engineering structures due to soil subsidence. Because of uncertainties in e ective parameters and their measurements, no precise mathematical relation has been proposed for collapsibility potential evaluation. Therefore, soft computing techniques, such as fuzzy logic, could be a suitable choice to account for di erent factors. Adaptive Neural Fuzzy Inference System (ANFIS) was used in this study. To predict the collapsibility potential, hybrid algorithm and Particles Swarm Optimization (PSO) were employed by ANFIS for system training. Gaussian membership functions were utilized for fuzzifying the data. In addition, data classi cation was performed in a subtractive form in the fuzzy inference system. A total of 327 laboratory data were used in the particle swarm algorithm, 266 of which were chosen for training and 66 for testing. The obtained results showed the e ects of di erent parameters and the rate of their changes in collapsibility potential. Moreover, the comparison of di erent approaches of system training was done using a correlation coe cient. The superiority of the proposed method and the utilized techniques was shown by comparing the results with the ones obtained by other researches.
Introduction
One of the primary actions in executing a civil project is considering geology and soil conditions in its place. Generally, any soil mass a ected by load is deformed and settled. Type and rate of deformation depend on di erent factors and conditions, such as the type of structure, environmental conditions, loading, and soil properties, such as compaction, humidity, etc. These factors a ect the design and construction in completing a safe and economic project. Many structures are built on unsaturated soils with the possibility of getting saturated environmentally. Thus, one of the most important phenomena occurring in such conditions is soil collapsibility. The widespread existence of unsaturated soils and the construction of structures, such as dams and irrigation canals, on these soils reveals the importance of the study in this eld. In addition, the extension of urbanism and industries, placement of water and sewerage lines on these soils, and insertion of their sewerages in soil media can highlight the necessity and urgency of considering the point [1] . Collapsibility potential was introduced rst by Jennings and Knight [2] . Various criteria have been considered by many researchers to predict the soil collapsibility. One of the primary criteria was presented by Clevenger, who only considered the e ects of dry unit weight [3] . The other criterion was considered by Gibbs and Bara, who employed dry unit weight and liquid limit to separate collapsible and non-collapsible soils [4] . Denisov investigated the ratio of soil natural porosity to soil porosity during liquid conditions as a controlling parameter [5] . Fookes and Best also used a collapsibility index that was the ratio of the di erence of natural and critical porosity to di erence of soil porosity in liquid and plastic limits [6] . The principles dominating saturated soil are adequately extended, both theoretically and practically, and the mechanical behavior of these soils is a function of an e ective stress principle [7] ; however, considering this principle for unsaturated soils has been only successful to a limited extent that requires more studies and attentions [8, 9] . Since the collapsibility phenomenon occurs in these soils, the necessity of doing numerical researches is revealed in accordance with the unsaturated soil mechanics theory. Attempts have been made in the late 1980s to provide mathematical and computer models to analyze unsaturated collapsible soil behaviors. For instance, Amirsoleimani (1988) presented a mathematical model with regard to soil stability and statistical principles. Moreover, Haydari (1990) analyzed the lateral compression e ects on the behaviors of collapsible soil by presenting a mathematical model. DeBon et al. (1998) published the results of their researches regarding the behavioral model of collapsible soil by Monte Carlo analysis. Another method of modeling considered in the past few decades was the use of soft computing in civil engineering. For example, the work of Khademi et al. (2016) presented prediction result of concrete compressive strength using arti cial neural network modeling [10] ; Zorlu and Gokceoglu (2008) dealt with predicting the collapsibility index using a double input fuzzy inference system in the Mamdani method [11] ; the activities by Momeni et al. (2011) focused on predicting soil collapsibility potential using the fuzzy system [12] . Kang and Li published Arti cial bee colony algorithm optimized support vector regression for system reliability analysis of slopes [13] . The other work done in this regard was carried out by Basma and Tuncer, who presented formulas according to the data from laboratory test experiments and regression analysis [14] . The accuracy of these relations was evaluated by Habib-agahi and Taherian who utilized neural networks [15] .
In recent years, the PSO method has been used for many researches in geotechnical engineering. For instance, Zhang et al. presented an elasto-plastic model of unsaturated soils by using the PSO [16] . Moreover, Saeedi et al. determined the critical failure surface in the homogeneous slopes by using the PSO [17] . Jalalvandi and Kashani published the design of reinforcement length in reinforced slope using the PSO [18] . Kang et al. published slope reliability analysis using surrogate models via new support vector machines with swarm intelligence [19] and published system reliability analysis of slopes using the least squares support vector machines with particle swarm optimization [20] .
ANFIS and PSO were used in this study to predict soil collapsibility potential. The data were obtained using experimental studies in the literature [15] . The sensitivity of di erent parameters in predicting collapsibility potential was evaluated. The advantage of using this method, as compared to the previous ones, was its higher precision. Moreover, the probability of trapping in a local minimum was comparatively low. Moreover, it was shown that the stability of the utilized technique was enough with respect to other approaches, which results in more accurate simulated answers.
Collapsible soil
Collapsible soils are unsaturated soils that undergo a sudden and intense reduction in volume during saturation. An unsaturated and porous structure, stress applied to soil, a cementation factor causing soil stability in the unsaturated state, and the humidity causing the reduction of adhesion between the particles are required for collapsibility [21] . The e-logp curve is used to describe the behavior of collapsible soil, as shown in Figure 1 .
The \ab" curve is obtained by consolidation test on the soil sample in natural humidity, and the void ratio is equal to \e 1 " in the pressure of \P w ". If the soil is saturated at this point, it collapses. In other words, the collapsing process is a rearrangement of soil particles transformed from the loose state to the compacted one. Curve \bc" indicates that soil, after saturation, collapses under constant pressure, and its void ratio is \e 2 " at the constant pressure of \P w "; however, e 2 < e 1 . \cd" curve shows that the soil is in uenced by the extra load after saturation. The speci c properties of collapsible soils are their high void ratio, low dry unit weight, and zero or negligible adhesion. There are di erent factors a ecting collapsible potentials, some of which are seen in Table 1 . Natural soil as well as compacted soil in embankments, etc. can be easily subject to collapsibility. Consolidation test on the soil sample is used to obtain collapsibility potential, as introduced by Jennings and Knight [2] . The sample is placed for this test in the consolidation test ring and load is increased in steps up to the pressure of about 200 kgN/m 2 . In this pressure (P w ), the sample is saturated and left for 24 hours. Thus, the void ratio, before and after saturation, can be measured. Finally, the collapsibility potential can be calculated by the following formula. CP = (e 1 e 2 ) 1 + e 0 :
e 1 and e 2 indicate the sample void ratio before and after saturation, and e 0 is the initial void ratio of soil in the natural state.
3. Adaptive neural-fuzzy inference system ANFIS (Adaptive Neural-Fuzzy Inference System) is a combination of neural networks and fuzzy logic. ANFIS can serve as a basis for the construction of a set of fuzzy if-then rules with appropriate membership functions to generate the stipulated input-output pairs [22, 23] . In other words, ANFIS is identi ed as a universal estimator for responding to complex problems. ANFIS is a class of adaptive, multi-layer and feed-forward networks comprised of input-output variables and a fuzzy rule base of the Takagi-Sugeno type [24] . The ambiguities in a problem could be rooted in various reasons, including complexity of the problem or lack of adequate information or our inability to have precise measurements. Thus, it can be noted that the type of existing uncertainty in a problem is a very important point for engineers who should rst think about it in order to select a proper way in expressing the ambiguities. One of the existing methods for expressing some of the ambiguities is fuzzy logic. A fuzzy set includes members that express inaccurate characteristics of the membership. Many fuzzy membership functions could be de ned, the most applicable of which are triangular, The di erence between a fuzzy set and a classic one is that we have one membership function in the latter, while there are many membership functions in the former. The members in the classical set are mapped in 0,1, yet also mapped in [0,1] space for the fuzzy sets, as shown in Figure 3 .
The main advantage of using fuzzy system could be using human's experiences and knowledge and transforming them into the numerical form. In other words, transforming linguistic variables into the quantitative form is the most important feature of it. The other advantage is that it is used as a new tool for solving ambiguities that cannot be done by the probability theory. A Fuzzy Inference System (FIS) is shown in Figure 4 .
The relations between inputs and outputs are considered by a set of rules in the form of \IF-THEN". The written rules are called \rule-based" ones. Fuzzy rule-based modeling is a qualitative modeling scheme based on which the system behavior is described using natural language [25] , and its general form is as follows:
-Rule: If x is A, then y is B. where x and y are variables, and A and B are de ned fuzzy sets on the variables x and y. Moreover, inferring from the rules in this step, decisions are made on the written rules according to intersection, union, and complement operators that are in conformity with \and", \or", and \no", respectively.
The most applicable models include the Mamdani fuzzy approach and (Takagi-Sugeno-Kang) \TSK". The main di erence between the above two models is that human's experience is used in the Mamdani model for designing fuzzy membership functions and writing the rules; however, optimization techniques and adaptive methods are employed in the Takagi-SugenoKang model. The number of written rules in TakagiSugeno-Kang model is less than that in the Mamdani model. Thus, Takagi-Sugeno-Kang model is used and preferred more than Mamdani model [26] .
The neural-fuzzy inference system is obtained by combining the fuzzy logic with the neural network. A neural network is a data-oriented system working only according to the data and has no possibility of having access to experimental information and human's knowledge. Thus, by combining that with the fuzzy logic, a strong tool can be created in order to transform qualitative information into quantitative data and use them for engineering works without heavy numerical calculations. This system can be applied to interpolation, modeling, identi cation of dynamic system, prediction, etc. A Takagi-Sugeno-Kang model is used in ANFIS, where the output of the rules is in the linear form of inputs of the same rules. The nal output is the weighted average of the output of the rules obtained by the collection of outputs. An adaptive neural-fuzzy inference is shown in Figures 5 to 7, with two inputs and two rules: -Rule 1: If x is A 1 and y is B 1 , then f 1 = p 1 x + q 1 y + r 1 , -Rule 2: If x is A 2 and y is B 2 , then f 2 = p 2 x + q 2 y + r 2 , where A 1 and A 2 are fuzzy membership functions for inputs x and y, and coe cients r 1 , r 2 , q 1 , q 2 , p 1 , p 2 are parameters to be determined.
The rst layer is the fuzzi cation step, and the Gussian membership function is usually used in this structure.
Weight coe cients, de ned in the second layer, are calculated from the following relation. 
Weight coe cients are normalized in the third layer, and the following relation is used in this regard:
Normalized weight coe cients in the fourth layer are multiplied by the output of each rule.
The total of outputs in the fth layer is considered as the nal output.
3.1. Clustering
Clustering the numerical data is the basis of many clustering algorithms and systems modeling. The aim of this work is grouping very large data and providing a simple indication of the system behavior. There are di erent methods for determining the primary model structure of fuzzy inference system, among which grid partition and Subtractive Clustering Method (SCM) can be named in this regard. The subtractive clustering method has been used in this study. The task of this clustering is to consider random points as the cluster centers. Then, the distances of every data from the centers are calculated. The data are related to the group with the shortest distance from its center. In other words, the groups compete with each other for dominating the data in accordance with the distance from the center to the data. Then, after the rst round, the group center is modi ed. For instance, the mean of the data related to a group is considered as the new center of the cluster. It continues up to getting very low di erence of the new center to the previous one. An e ective radius is de ned in subtractive clustering, and the data in that radius are considered as the group member. In other words, \m" points of the data are selected as the center in subtractive clustering. Then, the potential of each point, such as \z i ", is calculated from the following relation:
where \r" is the e ective radius that has a positive and xed value. After the calculation of the potential for each point, the point with the highest potential is selected as the rst cluster center. The value for the potential is the function of distance from other points. Potential values of other points are calculated from the following relation:
; (7) where D c1 and z c1 are determined from the previous step and, similar to that step, z c2 cluster center is determined. This process continues until when the number of required clusters is determined.
Hybrid algorithm and particles swarm
Hybrid algorithms and particles swarm are both among optimizing methods. Several evolutionary methods can be applied to solve optimization problems. Among the available solution technique, PSO is proved to be robust, e ective and easy to apply [27] . Hybrid algorithm is performed according to the two methods of the least squares errors and gradient descent-backward pass, and particles swarm acts according to random search. Particles swarm algorithm is inspired by the social behavior of birds or sh in nding their food. It is assumed in this algorithm that a group of birds are looking for food in a random way in a region, while only one part of the region has food to nd. The used strategy is that the birds are following a bird nearest to the food. In particles swarm algorithm, each response to the question is a bird in the searching space, called a particle, as these birds are in the searching area that we intend to quantify (optimize). Each particle calculates the target function in its spatial situation. Then, by using the combination of information, the bird selects its present location, the best place where it was before and the information regarding one or more particles for the direction of moving, as other birds have done. After a move, a stage of the algorithm ends. In fact, particles move in the responding space, and the obtained results are calculated according to competence criteria. Particles go towards the ones with more competence. The main advantage of this method is that the large number of particles causes exibility of the method against the problem of optimized local response, with a rather proper speed in convergence.
In the algorithm of particles swarm, each member has its own speci c speed to move accordingly and a memory to remember the best place they reach. The particles' behaviors in each iteration are a ected by other particles', and a coordination is created between all particles, causing each to move towards the best response it has so far found; secondly, each particle moves towards the best response that others have reached. If the searching space has D dimensions, then the ith particle can be shown with a d-dimensional vector as x i = (x i1 ; x i2 ; : : : ; x iD ) that indicates the particle situation; in addition, by a velocity vector, it is shown as v i = (v i1 ; v i2 ; : : : ; v iD ). 
x i fk + 1g = x i fkg + v i fk + 1g ;
where x pi is the best situation the particle has so far obtained, and x G is the best situation the particle has reached among the rest of the population. Fixed positive coe cients that are indeed accelerating coecients towards the optimized points are de ned by c 1 (cognitive parameter) and c 2 (social parameter).
Data
The applied data include a set of data obtained from laboratory tests results from the paper by Habibagahi and Taherian [15] and a set of data by Basma and Tuncer (1992) [14] . A total of 327 data were used, 261 of which were for training and 66 for testing. The data and their features can be observed in Appendix (A).
Summary and results
The Adaptive Neural Fuzzy Inference System (ANFIS) and particles swarm algorithm were used in this study to estimate the collapsibility potential for soils. The data by Habibagahi and Taherian and Basma and Tuncer were employed for this purpose. The main aim of this study was the analysis of the described methods and comparison of them with the methods presented by other researchers. For this purpose, Rsquare was used. R-square is a statistical method that explains how much the variability of a factor can be a ected or explained by its relationship to another factor. It is computed as a value between 0 and 1. The higher the value, the better the t. It is symbolized by R 2 and is an important tool in determining the degree of the linear correlation of variables in regression analysis. Tables 2 and 3 show the comparisons between di erent methods; membership functions are shown in Figures 8-14 ; the relationship between input variables and collapsible potential is shown in Figures 15-19 . Increasing elements such as dry unit weight, liquid limit, and clay percentage caused the reduction of collapsibility potential, and increasing silt percentage enhanced collapsibility potential. These results are in conformity with those obtained by Habibagahi and Taherian. Moreover, the rate of e ectiveness of dry unit weight was higher than that of other factors in collapsibility of soil. By comparing Tables 2 and 3 , it can be seen that the performance of the studied methods in this study yielded better results, and the particles swarm algorithm had the best performance among others. 
Conclusion
This paper investigated collapsible potential in unsaturated soils numerically using ANFIS in this paper. Techniques of hybrid algorithm and PSO were employed by this method for system training. By the way, Gaussian membership functions were utilized for fuzzifying the experimental data. This combining approach can predict the collapsibility potential of unsaturated soils more accurately. The advantage of the utilized method rather than other approaches is the stability of the results. In addition to the observation upon which the results of the presented methods were in conformity with the obtained results, with acceptable correlations, they had a better performance in comparison to the methods suggested by other researchers. Moreover, using the PSO algorithm, instead of classical ways, in the hybrid algorithm showed considerable results. It was also revealed that this method could be a strong tool in predicting the potential for soil collapsibility, while conducting it by laboratory tests is a di cult work. 
